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RESUMEN
La terapia fotodinámica se propone como un nuevo tra-
tamiento para tumores sólidos, basado en la inducción 
de la muerte celular de manera selectiva por medio de la 
formación de sustancias reactivas del oxígeno (citotóxi-
cas) en los tejidos neoplásicos. La fotosensibilización del 
oxígeno se promueve como consecuencia de la activación 
(mediante luz) de un fotosensibilizador, el cual se distri-
buye preferentemente en el tejido de interés mediante el 
transporte celular. La hidrofobicidad (expresada como el 
logaritmo de partición octanol/agua, logP), es un factor 
clave en estos procesos. Aun así, no se dispone de un 
método computacional que permita predecir de manera 
inequívoca el valor de logP para fotosensibilizadores al-
tamente hidrofóbicos. En el presente estudio se compara 
el uso de 12 metodologías para la predicción del valor de 
logP de derivados tetrapirrólicos. Además, la correlación 
del valor de logP con medidas experimentales de HPLC 
(log(k’)), pone de manifiesto la posibilidad que estos dos 
parámetros (log(k’) y logP) presenten un modelo de regre-
sión sigmoidea. 
Palabras clave: Terapia fotodinámica; fotosensibilizado-
res; HPLC; logP.
SUMMARY
Photodynamic therapy is a novel treatment for solid tu-
mors based on the selective induction of cell death by the 
generation of cytotoxic reactive oxygen species within 
neoplastic tissues. Oxygen photosensitization is promoted 
as a consequence of the activation (using light) of a pho-
tosensitizer, which must reach the desired tissue by cellu-
lar transport. Hydrophobicity (expressed as the logarithm 
of octanol/water partition coefficient, logP), becomes a 
key factor in these processes. Unfortunately, there is no 
computational method to unambiguously predict the logP 
value for high hydrophobic photosensitizers. In this study, 
a total of 12 computational methods have been tested for 
predicting the logP value of tetrapyrrolic derivatives. Fur-
thermore, in the attempt to correlate logP with experimen-
tal HPLC measurements (log(k’)), validation of the results 
leads to the proposal of a sigmoidal regression for the two 
parameters (log(k’) and logP).
Keywords: Photodynamic therapy; photosensitizers; 
HPLC; logP.
RESUM
La teràpia fotodinàmica ha esdevingut un nou tracta-
ment per a tumors sòlids, basat en la inducció de la mort 
cel·lular de manera selectiva per mitjà de la formació de 
substàncies reactives de l’oxigen (citotòxiques) en els 
teixits neoplàsics. La fotosensibilització de l’oxigen es 
promou com a conseqüència de l’activació (mitjançant 
llum) d’un fotosensibilitzador, el qual es distribueix pre-
ferentment en el teixit d’interès mitjançant el transport 
cel·lular. La hidrofobicitat (expressada com el logaritme 
de partició octanol/aigua, logP), esdevé un factor clau en 
aquests processos. Malauradament, no es disposa d’un 
mètode computacional que permeti predir de manera 
inequívoca el valor de logP per a fotosensibilitzadors al-
tament hidrofòbics. En el present estudi es compara l’ús 
de 12 metodologies per a la predicció del valor de logP 
de derivats tetrapirròlics. A més, la correlació del valor de 
logP amb mesures experimentals d’HPLC (log(k’)), posa 
de manifest la possibilitat que aquests dos paràmetres 
(log(k’) i logP) presentin un model de regressió sigmoïdal. 
Paraules clau: Teràpia fotodinàmica; fotosensibilitzadors; 
HPLC; logP.
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INTRODUCTION
In recent years photodynamic therapy (PDT) has emerged 
as an alternative treatment for solid tumors (e.g., glioblas-
tomas or carcinomas [1]) and, more recently, for other 
non-oncological indications such as microbial infections 
[2-4]. PDT is leaned on the selective destruction of tumor 
tissues through the local phototoxicity produced by the 
combination of visible light, molecular oxygen and a pho-
toactivatable drug referred to as the photosensitizer (PS). 
The PS absorbs light energy and uses it to generate re-
active oxygen species (ROS), particularly singlet oxygen 
(1O2), the dioxygen molecule in its first electronic excited 
state. The ROS readily react with sensitive biomolecules, 
producing cellular damage which finally leads to cell death 
via necrosis, apoptosis or autophagy mechanisms [5-9]. 
The participation of light contributes to the selectivity of 
the therapy, conferring a key advantage since only radi-
ated tissues are destroyed. As in chemotherapy, a fun-
damental aspect of PDT is that the PS must reach the 
neoplastic region after its administration and accumulate 
there. Moreover, biochemical results demonstrate the im-
portance of subcellular localization of the PS in the overall 
photodynamic efficiency [9-11] and in the extension of the 
cellular response [7, 12, 13]. Transport and localization are 
strongly bound to the hydrophobicity of the drug. The log-
arithm of octanol/water partition coefficient (logP) is usual-
ly considered a key factor not only in the establishment of 
Quantitative Structure-Activity Relationships (QSAR) mod-
els for the prediction of the activity of different PS families 
[14-20], but also in the study of intra/extracellular transport 
processes which are intimately related to the final subcel-
lular localization of the PS [21-23].
QSAR and QSPR (Quantitative Structure-Property Rela-
tionships) methods try to establish a mathematical rela-
tionship between molecular descriptors, usually derived 
from the chemical structure, and one or more molecular 
properties (i.e. molecular descriptors). Since logP can be 
predicted computationally, it can be included in prediction 
models as a molecular descriptor. Over the years, a con-
siderable number of mathematical definitions have been 
proposed to calculate molecular logP from chemical struc-
ture, leading in most cases different results and fostering 
the ambiguity related to which method should be applied.
Interestingly, logP value linearly correlates with the reten-
tion time and the logarithm of capacity factor (k’) of com-
pounds measured by HPLC [24, 25]. Thus, validation of 
logP prediction models should be addressed indirectly 
according to QSRR (Quantitative Structure-Retention Re-
lationships) methods, which try to correlate the chemical 
structure of a training set with chromatographic retention 
time. 
In this report available computational logP prediction 
methods are evaluated for the study of highly hydrophobic 
tetrapyrrolic photosensitizers (i.e. porphyrin and porphy-
cene derivatives) in an attempt to identify the most suitable 
method. As no experimental logP values are available for 
such hydrophobic compounds, the models were validated 
and ranked using experimental chromatographic retention 
time (log(k’)) values.
COMPUTATIONAL DETAILS
The logarithm of the octanol/water partition coefficient 
(logP) can be computationally estimated by several meth-
ods, which can be classified according to their theory level 
[26, 27].
Constructivistic methods were proposed by Fujita et al. 
[28], where logP is calculated from the experimental logP 
value of a known molecule, used as a template (scaffold), 
which is successively substituted until the desired mole-
cule is obtained. Each molecular change has an associ-
ated corrector factor which affects the logP value of the 
whole molecule.
Atomic contribution methods were firstly proposed by 
Broto et al. [29] and later developed by Crippen [14], in 
these methods each atom contributes additively to the 
molecular logP calculation. Thus, the obtained result is 
highly dependent on the atom type parameterization. 
Some commercial software algorithms follow this strate-
gy, for example: SlogP and logP(o/w) implemented in MOE 
[30], ALOGP [31] or Actelion’s AClogP definition.
In the same way, the fragment-based methods devel-
oped in 1973 by Rekker et al. split the molecule into its 
constitutive fragments. Each fragment has associated a 
statistically logP contribution (fragmental constant) and a 
correction factor. COSMOFrag [32] and miLOGP (devel-
oped by Molinspiration Chemoinformatics) are examples 
of this algorithm.
Quantum methods permit to evaluate properties directly 
related to logP calculation (e.g. free energy of solvation in 
different solvents) from chemical structure and relate them 
to three dimensional geometry and molecular electronic 
structure.
Mixed methods predict the molecular logP value apply-
ing QSAR-based algorithms which involve the calculation 
of other kind of molecular descriptors [33], e.g. MLOGP, 
ALOGPs [34], XLOGP2 and XLOGP3 [25]. Finally, there 
exist other algorithms (as KowWin) based on the combina-
tion of two or more of the previous methods.
The existence of such variety of prediction methods 
demonstrate the inherent difficulty associated to logP cal-
culation. Furthermore, the values predicted by different 
methods are widely scattered in the case of very hydro-
phobic molecules (like tetrapyrrolic PS), because these 
methods were usually validated with databases of small 
molecules [35]. A total of 12 methods have been selected 
for this comparative study (Table 1), based on both their 
availability and reported previous experience using them 
[33, 36, 37]: SlogP and logP(o/w) were calculated by MOE 
[30] software and MLOGP, AC LogP, AB/LogP, COSMOF-
rag, miLOGP, KowWin, XLOGP2, XLOGP3, ALOGP and 
ALOGPs were calculated using ALOGPs 2.1 software [38, 
39]. 
Table 1. Brief description of logP predic-
tion methods used in this study.
Method Description
logP(o/w)
Linear atom type model developed 
from the analysis of 1827 molecu-
les (including implicit hydrogens).
SlogP
Atomic contribution model developed by Crippen 
et. al. [40] using 7000 molecular structures with 
the correct protonated state as training set.
MLOGP
Moriguchi octanol-water partition coefficient 
(MLOGP) is based on quantitative structure-logP 
relationships, by using topological indexes [41].
AC LogP
Atom-additive method considering 369 
atom-type based contribution values, ob-
tained from 5000 molecules [42].
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AB/LogP
Fragmental method based on the applica-
tion of averaged correction factors, obtai-
ned from both simple and complex com-
pounds (473 group contributions and 1076 
clusters of correction factors) [43].
COSMOFrag
Calculates solvent contact interactions from 
polarization charge density (s) on molecu-
lar surface. s is estimated from precalculated 
profiles of a 40000 molecules database [32].
miLOGP
Based on group contributions, miLOGP 
identifies a total of 220 molecular frag-
ments which include charge interactions 
and organometallic compounds. 
KowWin
Atom/fragment contribution method. Predic-
ted logP values are obtained starting from the 
measured logP of structural analogues [44].
XLOGP2 Additive atom/group model which uses 90 basic atom types [25].
XLOGP3
Knowledge-based approach based on additive 
atom/group model which starts from the known 
logP value of a similarly reference compound [25].
ALOGP
Classical atomic contribution approach 
which can be applied on neutral orga-
nic compounds containing C, H, O, N, S, 
Se, P, B, Si and halogen atoms [31,45]
ALOGPs
Self-learning method based on the use of 
associative neural networks to predict the logP 
value from the molecular structure [46].
EXPERIMENTAL
The results of the computational study were compared to 
experimental chromatographic retention times. Sample 
analyses were carried out using an HP 1200 HPLC liquid 
chromatograph coupled with an UV/vis dual-wavelength 
absorbance detector. The used chromatographic column 
was an XTerraTM RP18 4.6mm x 250mm 5mm particle size 
(Waters Technologies Corporation, USA) and the solvent 
used was acetonitrile/water/2-propanol (65:17.5:17.5). 
The chromatographic methodology was based on the Or-
ganisation for Economic Co-operation and Development 
(OECD) guidelines [47], using for a set of five small mol-
ecules with known logP values for calibration (Figure 1). 
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Figure 1. Molecular structure and logP values for the reference compounds used for calibration according to the 
OECD guideline 
Figure 1. Molecular structure and logP val-
ues for the reference compounds used for cali-
bration according to the OECD guideline
The applicability range of OECD regression is limited to 
logP values between 3 and 6.5 units and its use on high 
hydrophobic PS requires an extrapolation [31, 48] that 
must be validated. A set of 14 porphyrin and porphycene 
derivatives (Figure 2) was selected according to their avail-
ability and analyzed by HPLC according to OECD guide-
lines.
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Figure 2. Molecular structure of porphyrin and porphycene derivatives 
Figure 2. Molecular structure of porphy-
rin and porphycene derivatives
RESULTS AND DISCUSSION
The available computational methods were applied for the 
prediction of logP values for the OECD reference com-
pounds and for the selected hydrophobic PSs. They are 
collected in Tables 2 and 3, respectively, along with the 
experimental chromatographic retention parameter log(k’). 
Table 2. Experimental and calculated data for the OECD 
compounds. Predicted logP values are named according 
to the computational method used. R2 and Spearman’s 
(r) correlation coefficients are calculated for each predic-
tion method in contrast to logP experimental values.
1 2 3 4 5 R2 r
log(k’) exp 0.003 0.073 0.090 0.175 0.307 - -
logPexp. 3.2 4.0 4.2 4.5 6.5 - -
AB/LogP 2.9 3.9 3.4 4.5 6.6 0.95 0.9
AC LogP 3.3 3.7 3.4 3.9 6.9 0.92 0.9
ALOGP 3.2 3.4 3.4 3.4 6.3 0.97 0.7
ALOGPs 3.0 4.0 3.7 4.4 6.3 0.97 0.9
COSMOFrag 2.9 3.8 3.9 3.5 6.1 0.94 0.7
KowWin 3.2 3.8 4.1 4.4 6.8 0.99 1.0
logP (o/w) 3.4 3.9 3.5 4.4 6.5 0.93 0.9
miLogP 3.4 3.7 3.7 3.6 6.7 0.89 0.6
MLOGP 3.6 3.9 3.4 4.2 6.2 0.88 0.7
SlogP 2.9 3.4 3.5 3.4 6.5 0.93 0.9
XLOGP2 3.6 3.9 3.5 4.3 6.7 0.90 0.7
XLOGP3 3.4 4.0 4.2 3.9 6.9 0.94 0.7
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Some values are missing on Table 3 for AB/LogP, ALOGP, 
COSMOFrag and MLOGP methods. The presence of 
formal charges or transition metals (e.g. in compounds 
10 and 12) means an important limitation for these frag-
ment-based or constructivistic methods, due to the lack of 
parameterization resulting from the nature of the training 
set (most of them did not include this kind of systems).
Statistical analysis for each computational method al-
lowed evaluating the correlation between predicted logP 
for compounds 6-19 and their experimental log(k’) values. 
Interestingly, compound 11 stands out as an outlier in all 
regressions likely as a result of specific molecular inter-
actions with the chromatographic system. Compound 11 
was therefore eliminated from the analyses. 
Statistical results for the training and test sets are collect-
ed on Table 4. Unfortunately, fragmental-based methods 
show high variability (due to fragment parameterization) 
and require the removal of some molecules from the train-
ing set to achieve a significant correlation. The best re-
gression models were obtained using AC LogP, AB/LogP, 
COSMOFrag, and MLogP.
Table 4. Statistical parameters derived from linear regres-
sions of predicted logP values with experimental log(k’). 
Fisher’s test p-value and R2 correlation coefficient are 
calculated for the training set and Q2 and Spearman’s (r) 
correlation coefficients for the test set. Molecules of the 
training set considered as outliers (out) are indicated.
p R2 Q2 r out
AB/LogP 0.020 0.87 0.92 -0.26 10,12
AC LogP 0.016 0.72 0.81 -0.43 -
ALOGP 0.006 0.94 0.90 -0.09 9,12
ALOGPs 0.173 0.51 0.94 0.31 6,12
COSMOFrag 0.011 0.92 0.87 0.43 10,12
KowWin 0.006 0.99 0.87 0.66 6,7,12
logP (o/w) 0.020 0.96 0.72 0.06 6,7,12
miLogP 0.013 0.90 0.85 -0.09 9,12
MLOGP 0.015 0.81 0.64 -0.37 12
SlogP 0.002 0.98 0.19 0.60 9,12
XLOGP2 0.002 0.68 0.72 -0.43 -
XLOGP3 0.035 0.710 0.87 -0.31 9
Unfortunately, it is not possible to validate the above re-
sults as experimental logP values for tetrapyrrolic de-
rivatives of comparable hydrophobicity are lacking, all 
published values for porphyrins falling within the OECD 
applicability range [49-54]. However, it is important to note 
that regression models developed with the PS training set 
(6-13) should fall on the same line the OECD compounds 
1-5. As shown in Figure 3, only COSMOFrag shows a 
smooth transition between the two data sets.
logP = 5.61 log(k`) + 1.93
R² = 0.873
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Table 3. Experimental and calculated data for the studied porphyrin and porphycene derivatives.
6 7 8 9 10 11 12 13 14 15 16 17 18 19
log(k’) exp 0.14 0.64 1.36 0.47 0.32 1.25 1.19 1.40 0.95 1.21 1.39 1.51 1.24 1.33
AB/LogP 1.3 5.8 8.8 6.3 - 10.0 - 10.0 9.6 10.0 9.2 10.0 8.8 8.9
AC LogP 3.3 6.2 7.6 6.4 2.7 12.5 7.6 7.1 8.1 7.1 7.3 7.5 6.8 7.6
ALOGP 6.7 9.5 11.2 10.2 7.1 16.5 - 11.1 10.9 10.4 11.1 11.2 10.4 10.7
ALOGPs 2.7 5.5 8.0 6.8 6.8 10.1 4.6 7.8 7.9 7.3 7.5 8.2 7.6 7.3
COSMOFrag 4.3 8.8 11.6 8.5 - 14.5 - 12.4 12.0 11.1 11.4 11.4 14.8 11.1
KowWin 4.4 11.4 11.5 9.5 8.9 16.6 8.8 11.8 11.1 10.1 10.7 11.5 10.6 10.6
logP (o/w) 4.3 6.5 11.0 9.9 9.6 15.7 5.6 11.5 11.7 11.0 11.7 11.7 12.0 8.7
miLogP 5.5 8.6 9.6 9.1 6.5 10.2 7.0 9.7 9.5 9.5 9.6 9.6 9.6 9.2
MLOGP 1.3 3.1 5.3 3.3 2.2 7.6 - 3.9 5.1 4.8 5.3 5.3 3.5 4.0
SlogP 3.9 5.5 7.6 6.5 4.4 12.9 5.6 8.6 8.5 7.9 8.2 8.6 10.3 6.5
XLOGP2 0.9 3.5 9.5 7.8 4.3 14.4 7.1 9.1 9.6 9.0 9.7 9.5 8.3 6.7
XLOGP3 2.1 5.3 10.4 9.0 6.7 15.4 6.4 9.4 9.3 8.8 9.3 9.5 8.1 8.4
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logP = 5.42 log(k') + 4.74
R² = 0.9152
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Figure 3. Linear regressions obtained applying AC LogP(a), 
AB/LogP(b), COSMOFrag(c) and MLOGP(d) prediction 
models on the training compounds (6-13, represented as + 
in the plot). Results are compared with OECD prediction (D)
Interestingly, departures from linearity are observed when 
COSMOFrag is applied with more hydrophobic PSs. A 
sigmoidal trend can be observed that levels off at high 
log(k’) values (Figure 4a), leading to a correlation coeffi-
cient R2 = 0.940. Nevertheless, it is noteworthy that such 
a sigmoidal function fits perfectly the OECD data points 
at low log(k’) values (Figure 4b), leading to a correlation 
coefficient R2 = 0.998 in the OECD range. 
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Figure 4. (a) Predicted logP for OECD (D), training 
(+) and test set (o) according to COSMOFrag meth-
od. (b) Comparison between OECD line (dashed line) 
and the proposed sigmoidal regression (solid line)
Thus among all the tested methods, COSMOFrag seems 
the best option for predicting the logP value of highly hy-
drophobic compounds as it provides a single continuous 
real function encompassing both the OECD molecules and 
highly hydrophobic PS. Furthermore, sigmoidal regression 
(instead of other proposed regression, e.g., polynomial) 
had a positive derivative in the whole range of measured 
retention times, reinforcing the notion that molecules with 
higher logP values should show also higher log(k’) values.
CONCLUSIONS
A total of 12 commonly available calculation methods (AB/
LogP, AC LogP, ALOGP, ALOGPs, COSMOFrag, KowWin, 
logP (o/w), miLogP, MLOGP, SlogP, XLOGP2 and XLOGP3) 
have been applied to the prediction of log P values for 
highly hydrophobic porphyrin and porphycene derivatives, 
currently under scrutiny for their use as photosensitizers for 
photodynamic therapy. Although the lack of experimental 
logP values in that range preclude the external validation, 
the relationship between logP and log(k’), described in lit-
erature for small molecules, was successfully used in order 
to reduce the problem to a simpler regression analysis.
Among all tested methods, COSMOFrag appears as the 
most suitable to predict the logP value of highly hydropho-
bic photosensitizers. Using this method, logP and log(k’) 
values are correlated using a sigmoidal-shaped function, 
maintaining the linear behavior described for small mole-
cules unaltered.
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